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My Journey into Studying UX Design Practices in the Age of AI

Deep learning

Responsible AI
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2016
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How might current AI technologies fail to 
meet people’s needs? 

Learn from UX practitioners

Empower UX practitioners What role can and should design play in 
making AI technology “good” for people? 

How to better support designers to play 
such a role through a new design 
toolboxe (tools, guidances, organizational 
practices, etc.)
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AI as new design materials


What are the challenges?



Challenges Working with AI as Design Materials

Output complexity 

Capability complexity   

Materialistic uncertainty

(Yang et al., 2020; Subramonyam et al., 2021 )



Challenges Working with AI as Design Materials

Output complexity 

Capability complexity   

Materialistic uncertainty

Challenge with understanding 
the material 

Challenge with choosing (or 
having) the right material 

Challenge with mutual shaping 
of design and material





Responsible AI (RAI): Develop and deploy AI technologies 
responsibly by mitigating harms to people, community and society



RAI: Sociotechnical Harm/Risk Management 

NIST (US National Institute of Standards and 
Technology) AI Risk Management Framework


“AI systems are inherently socio-technical in nature, meaning they 
are influenced by societal dynamics and human behavior. AI risks
—and benefits—can emerge from the interplay of technical 
aspects combined with societal factors related to how a 
system is used, its interactions with other systems, who operates 
it, and the context in which it is deployed.”



AI ___ creates ___ harm in 
the context of ___



AI bias creates ___ harm in 
the context of ___



AI bias creates allocation 
harm in the context of hiring 
tools



AI bias creates representation 
harm in the context of image 
generation tools



AI bias creates quality-of-
service harm in the context 
of facial recognition (as a 
service) tools



AI opaqueness creates 
harms of mistrust 

misuse  
loss of agency 
deprivation of 
recourse 
…



RAI: Principle Based Approaches

Mapping of 36 ethical and responsible AI frameworks 

(Berkman Klein Center) 

Accountability

Safety and Security

Transparency and Explainability

Fairness and Non-discrimination

Privacy

Human Control 

Promotion of Human Values



How is Responsible AI 
development conceived 
in RAI policy?

A simplified view…
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RAI UX

Shared 
sociotechnical 
perspective in RAI 
and UX practices



Research Thread 1: Empower Designers in 
Responsible AI Development

Envisioning the sociotechnical and managing AI risks
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Risk management 
approachesTransparency and Explainability



EU AI Act



(Amershi et al., 2019)

Design Guidelines for Human-AI Interaction (HAX)

Transparency and Explainability



Learn from UX practitioners:


How to provide AI 
explanations to promote 
human understanding and 
oversight?

Risk management 
approachesTransparency and Explainability

Liao et al.  Questioning the AI: Informing Design Practices for Explainable AI User Experiences. CHI 2020

https://arxiv.org/abs/2001.02478


It remains in this weird limbo where people 
know it [explainability] is important.  People 
see it happen. They don't know how to 
make it happen. And everybody's feeling 
their way in the dark with no lights. 

(P6)



Design Challenge 1: Variability of Users’ Explainability Needs

Diverse reasons for AI explanations 
• To assess AI capabilities


• To improve AI capabilities


• To gain further insights for decision-making


• To adapt interaction


• To avoid rights violations


• To seek recourse


• …


Liao et al.  Questioning the AI: Informing Design Practices for Explainable AI User Experiences. CHI 2020

https://arxiv.org/abs/2001.02478


What kinds of questions 
can it answer? 

How does the bot provide 
answers? What data does 
it have access to?



(Xie et al, 2020)

CheXplain

Why is the AI system giving 
this diagnosis?  

Why is the AI system not 
giving a diagnosis that I 
would expect?



Design Challenge 2: Complexity of Explainable AI (XAI) Algorithms 

• Dozens of algorithms in XAI data 
science toolkits (hundreds more from 
research)


• Difficulty in understanding and having 
the right material as UX practitioners 
are often not involved in the choosing


• Gaps between algorithmic output and 
design intent


Liao et al.  Questioning the AI: Informing Design Practices for Explainable AI User Experiences. CHI 2020

https://arxiv.org/abs/2001.02478


…finding the right pairing to 
put the ideas of what’s right 
for the user together with 
what’s doable given the tools 
or the algorithms” (P8)


XAI 
algorithms

User’s 
explainability 
needs



…finding the right pairing to 
put the ideas of what’s right 
for the user together with 
what’s doable given the tools 
or the algorithms” (P8)


XAI 
algorithms

User’s 
explainability 
needs

How can (envisioned) user needs and interactions drive the 
choices of XAI algorithms as design material?



Sociotechnical Abstraction: Questions Answerable by XAI Algorithms

Global explanation: How does the AI make 
predictions?

Feature-importance explanation: Why is the AI 
giving this prediction?

Counterfactual explanation: How to get a 
different prediction?

Classified as “9” Classified as “4”



Engage with UX practitioners to map the 
space of user questions as explainability 
needs 

• Walk through an AI system they work on

• Common questions users might ask

• Discuss question cards


Liao et al.  Questioning the AI: Informing Design Practices for Explainable AI User Experiences. CHI 2020

https://arxiv.org/abs/2001.02478




Map Questions to XAI Approaches
Question Explanations Example XAI techniques

Global how
(global model-wide)

• Describe the general model logic as feature impact*, rules✢ or decision-trees● (sometimes need to explain 
with a surrogate simple model)

• If the user is only interested in a high-level view, describe what are the top features or rules considered

ProfWeight*✢●, Global Feature 
Importance*, PDP*, DT Surrogate●

Why
• Describe how features of the instance, or what key features, determine the model’s prediction of it* 
• Or describe rules✢ that the instance fits to guarantee the prediction✢ 
• Or show similar examples● with the same predicted outcome to justify the model’s prediction

LIME*, SHAP*, LOCO*, Anchors✢, 
ProtoDash●

Why not
(a different prediction) 

• Describe what features of the instance determine the current prediction and/or with what changes the 
instance would get the alternative prediction*

• Or show prototypical examples✢  that had the alternative outcome

CEM* , Counterfactuals✢ , 
ProtoDash✢ (on alternative 
prediction)

How to be that
(a different prediction)

• Highlight feature(s) that if changed (increased, decreased, absent, or present) could alter the prediction to 
the alternative outcome, often with minimum effort required*

• Or show examples with minimum differences but had the alternative outcome✢

CEM*, Counterfactuals✢, DiCE✢

How to still be this
(the current prediction)

• Describe features/feature ranges* or rules✢ that could guarantee the same prediction
• Show examples that are different from the particular instance but still had the same outcome

CEM*, Anchors✢

What if • Show how the prediction changes corresponding to the inquired change of input PDP, ALE

Performance

• Provide performance metrics of the model
• Show uncertainty information for each prediction
• Describe potential strengths and limitations of the model

Precision, Recall, Accuracy, F1, 
AUC
Uncertainty Qauntification 360
FactSheets, Model Cards

Data • Document comprehensive information about the training data, including the source, provenance, type, size, 
coverage of population, potential biases, etc.

FactSheets, DataSheets

Output • Describe the scope of output or system functions.
• Suggest how the output should be used for downstream tasks or user workflow

FactSheets, Model Cards

https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/profwt/profwt.py
https://oracle.github.io/Skater/reference/interpretation.html#feature-importance
https://oracle.github.io/Skater/reference/interpretation.html#partial-dependence
https://github.com/h2oai/mli-resources/blob/master/notebooks/dt_surrogate.ipynb
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/lime/lime_wrapper.py
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/shap/shap_wrapper.py
https://github.com/h2oai/mli-resources/blob/master/notebooks/loco.ipynb
https://docs.seldon.io/projects/alibi/en/latest/methods/Anchors.html
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/protodash/PDASH.py
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/contrastive/CEM.py
https://docs.seldon.io/projects/alibi/en/latest/methods/CFProto.html
https://docs.seldon.io/projects/alibi/en/latest/methods/CFProto.html
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/contrastive/CEM.py
https://docs.seldon.io/projects/alibi/en/stable/methods/CF.html
https://github.com/interpretml/DiCE
https://github.com/Trusted-AI/AIX360/blob/master/aix360/algorithms/contrastive/CEM.py
https://docs.seldon.io/projects/alibi/en/latest/methods/Anchors.html
https://oracle.github.io/Skater/reference/interpretation.html#partial-dependence
https://docs.seldon.io/projects/alibi/en/latest/methods/ALE.html
http://uq360.mybluemix.net/
https://aifs360.mybluemix.net/examples/max_object_detector
https://modelcards.withgoogle.com/object-detection#performance
https://aifs360.mybluemix.net/examples/max_object_detector
https://www.microsoft.com/en-us/research/publication/datasheets-for-datasets/
https://aifs360.mybluemix.net/examples/max_object_detector
https://modelcards.withgoogle.com/object-detection#performance


Question-Driven XAI Design

Collect user 
questions

Map questions 
to modeling 
solutions

Analyze and 
identify key user 
questions and 
requirements

Elicit user needs for 
explainability as questions

Understand user intention 
and expectation of asking 
these questions

Optionally, Question Bank 
could be used as a checklist 
to help guide the elicitation

Map prioritized question 
categories to candidate 
explainability solutions

Sometimes it requires working 
with data scientists to identify the 
right algorithms to generate 
explanations

A mapping guide for supervised 
ML is provided for reference 

Cluster similar questions and 
prioritize with your team the 
categories to focus on

Question Bank suggests 9 
categories for supervised ML. But 
the categorization could be flexible

Identify key user requirements by 
analyzing users’ intention and 
expectation to ask the questions

Step 1 Step 2 Step 3

Iteratively 
design and 
evaluate

Evaluate the candidate 
design with the key user 
requirements, iteratively 
improve the design and 
modeling solution to close 
the gaps

It would be ideal to get 
feedback from actual users 
in these iterations

Step 4

Liao et al. Question-Driven Design Process for Explainable AI User Experiences. arXiv

https://arxiv.org/abs/2104.03483


Problem 
description An AI based dashboard presents patients’ 

readmission risk scores to help clinicians 
to identify high-risk patients and appropriate 

interventions at discharge time



Problem 
description

Tasks involved 
(optional)

Questions 
from User 1

Questions 
from User 2  

Identify what aspects of AI needs to be 
explained by eliciting user questions

Also gather user intention and expectation of 
asking these user questions

Step 1: Collect user questions

`

An AI based dashboard presents patients’ 
readmission risk scores to help clinicians 
to identify high-risk patients and appropriate 

interventions at discharge time



Why is this patient 
predicted of this risk?

What factors of this 

patient make him 

high-risk?

`How well does it work?

What’s the 

specificity and 

sensitivity?

Is the training data similar to my patients?

What can be done to 
reduce the patient’s risk?

What worked for other 
patients with similar 

profiles?

What went into this 
prediction?

Why  

Performance 

What’s the reason?

What can the system do for my 
workflow?

Output

Cluster similar questions across users into key 
categories. 

Question Bank could guide the analysis. 

Identify which categories should the team focus on

Analyze user comments on intention and 
expectation of asking the questions to identify key 
user requirements

Step 2: Analyze to identify key user 
questions and user requirements 

Data 

What is the 
population of the 

training data?

How to be (low risk)? 



Why is this patient 
predicted of this risk?

What factors of this 

patient make him 

high-risk?

What is the 
population of the 

training data?

Is the training data similar to my patients?

What can be done to 
reduce the patient’s risk?

What worked for other 
patients with similar 

profiles?

What went into this 
prediction? What’s the reason?

Data 

UR1: Help me discover (otherwise 
non-obvious) information to better 

understand the patient

UR2: Help me determine the most 
effective next step for patient 

management

UR3: Help me calibrate how much 
and when to trust the tool

Cluster similar questions across users into key 
categories. 

Question Bank could guide the analysis. 

Identify which categories should the team focus on

Analyze user comments on intention and 
expectation of asking the questions to identify key 
user requirements

Step 2: Analyze to identify key user 
questions and user requirements 

Why  



Work with data scientists and the team to map 
prioritized questions to explanations that the 
model(s) could provide

Sometimes the explanation can be derived directly 
from descriptive information of the model

Sometimes the explanation requires implementing 
another set of algorithm to generate. 

Step 3: Map questions to modeling 
solutions (with the team)



Risk factor to eliminate Risk improvement

UTI -10%

Allergic reaction -9%

Nutritional deficiency -7%

Diabetes -3%

Step 3: Map questions to modeling 
solutions (with the team)

Work with data scientists and the team to map 
prioritized questions to explanations that the 
model(s) could provide

Sometimes the explanation can be derived directly 
from descriptive information of the model

Sometimes the explanation requires implementing 
another set of algorithm to generate. 



Risk factor to eliminate Risk improvement

UTI -10%

Allergic reaction -9%

Nutritional deficiency -7%

Diabetes -3%

UR2: Help me determine the most effective next step for 
patient management

The design lacks “actionability”. User 
wishes to see “how-to”
Some factors are not easy or 
possible to eliminate

Step 4: Iteratively design and 
evaluate

Evaluate the design, ideally with user 
feedback, focusing on the key use 
requirements

Identify gaps and iteratively improve the 
design and the modeling solution



Link to external guidelines for “how-to”

Add modeling constraints based on the 
“costs” of changing risk factors

Step 4: Iteratively design and 
evaluate

Evaluate the design, ideally with user 
feedback, focusing on the key use 
requirements

Identify gaps and iteratively improve the 
design and modeling solution



Step 4: Iteratively design and 
evaluate

Evaluate the design, ideally with user 
feedback, focusing on the key use 
requirements

Identify gaps and iteratively improve the 
design and modeling solution



A Few High-Level Ideas…

Challenge with understanding the 
material


Challenge with choosing (and 
having) the right material


Challenge with mutual shaping of 
design and material

Reframing the technical space 
by “socio” requirements


Facilitating designer-enginer 
collaboration with a shared 
workflow and boundary objects
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Risk management 
approaches
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Technology

Technology goals
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Risk management 
approaches

Design

Risk assessment

Technology

Technology goals



Research Thread 2: Empower Designers 
in the Age of GenAI

Working with “pre-trained” models powering heterogenous applications



A widening 
sociotechnical gap?

One 
“foundation
” model

Many 
heterogenous 
“socio” 
contexts



Deep learning

Responsible AI

Generative AI

2016

2021
Pre-trained “small” models that 
perform specialized tasks







Opportunities with pre-
trained models 
Lower barriers for using models in 
product development 
Allow designers to directly explore 
the design materials 



Playground UI:  
understanding by 
trying out examples




Playground UI:  
understanding by 
trying out examples




Model 
Documentation/ 
Card: “nutrition label” 
of a model




Model 
Documentation/ 
Card: “nutrition label” 
of a model




Purposeful use: Should I use 
a model? If so, where?

What interactions is the model 
suitable for?  
How to design the interactions?



Needs Finding for “Designedly Understanding” of Pre-trained Models

Design task to use a pre-trained model

Liao et al. Designerly Understanding: Information Needs for Model Transparency to Support Design Ideation for AI-Powered User Experience. CHI 2023

https://dl.acm.org/doi/abs/10.1145/3544548.3580652


Needs Finding for “Designedly Understanding” of Pre-trained Models

Design task to use a pre-trained model

Read a model card and browse examples 
on playground UI

Liao et al. Designerly Understanding: Information Needs for Model Transparency to Support Design Ideation for AI-Powered User Experience. CHI 2023

https://dl.acm.org/doi/abs/10.1145/3544548.3580652


Needs Finding for “Designedly Understanding” of Pre-trained Models

Design task to use a pre-trained model

Read a model card and browse examples 
on playground UI

Perform design ideation

Liao et al. Designerly Understanding: Information Needs for Model Transparency to Support Design Ideation for AI-Powered User Experience. CHI 2023

https://dl.acm.org/doi/abs/10.1145/3544548.3580652




Designers’ goal 1 with 
understanding: eliminating 
“risky” design ideas to 
use the model 



P3

Require discovering model 
limitations situated in different 
designs


Formulating hypothesis by 
translating from sociotechnical 
risks, but challenging to 
validate with current support


“I have the question of how reliably it could 
perform… if it was an intervention and it was 
unreliable...you’re out of your extra step and it’s 
literal nonsense. And that really diminishes 
somebody’s experience with the whole product, 
so that presents, I think, a huge risk.”



Designers’ goal 2 with 
understanding: coping with 
model limitations by 
creating “conditional 
design” and guardrails 



P7

Experienced AI designers 
gravitate towards creating 
different designs or guardrails 
for different types of model 
inputs or outputs


Require discovering 
“impacting factors” that vary 
model behaviors



Design

Evaluate
Envision 

the sociotechnical 
system

Risk assessment

Technology goals

Pre-trained models give designers more autonomy and control 
over the exploration of design materials and design space


Design should take a more central role as purposeful use and 
coping with model limitations become the primary tasks with 
responsible use of pre-trained models



Design

Evaluate
Envision 

the sociotechnical 
system

Risk assessment

Technology goals



Design

Evaluate
Envision 

the sociotechnical 
system

What is the unique materialistic property of current 
“large” GenAI models (e.g. large language models)?

Risk assessment

Technology goals



Adaptability: Central Materialistic Property of GenAI 

Base Model

Adapted Model

Meta-prompt/system 
message: a prompt that 
instructs the model, applied 
to all (or a type of) user 
inputs 

Generate a concise 
summary of the input 

document, avoid biased 
views



Adaptability: Central Materialistic Property of GenAI 

Base Model

Adapted Model

Fine-tuning 
Knowledge base 
grounding 

Safety filters 
…

Meta-prompt/system 
message: a prompt that 
instructs the model, applied 
to all (or a type of) user 
inputs 



Model adaptation as 
tinkering with the design 
material 
Fast, iterative mutual shaping of 
design and material 
Encoding design requirements in 
meta-prompts



Canvil: A Figma Widget for Designedly Adaptation

Feng et al. Canvil: Designerly Adaptation for LLM-Powered User Experiences. CHI 2025



Try Canvil out!

Feng et al. Canvil: Designerly Adaptation for LLM-Powered User Experiences. CHI 2025



Paths Forward: 
How should UX design evolve to meet the 

requirements of RAI?




Paths Forward: 
How should UX design evolve to meet the 

requirements of RAI?


How can RAI better leverage UX design expertise? 



Organizational practices 

Involve design expertise 
early and often


Rethink the “separation of 
concern” practice. Break 
expertise and cultural 
barriers 


Define and incentivize 
new design roles for RAI


Training 

Beyond AI literacy, 
opportunities to explore 
and tinker


Reposition UX as a 
resource that cuts 
through AI development 
lifecycle (and policy)


Strengthen and pride the 
critical lens

Toolbox 

RAI principle specific 
design patterns and 
methods


Rethink UX evaluation: 
expanding on risks, 
accounting for model 
behavior


Orient design on 
“envisioning the 
sociotechnical”
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Organizational practices 

Involve design expertise 
early and often


Rethink the “separation of 
concern” practice. Break 
expertise and cultural 
barriers 


Define and incentivize 
new design roles for RAI


Toolbox 

RAI principle specific 
design patterns and 
methods


Expand UX evaluation 
with situated model 
evaluation and risk 
assessment


Orient design on 
“envisioning the 
sociotechnical”

Training 

Beyond AI literacy, 
opportunities to explore 
and tinker


Strengthen and pride the 
critical lens


Reposition UX as a 
resource that cuts 
through AI development 
lifecycle (and policy)
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